The Xijiang River is a main branch of the Pearl River, the largest river in South China. Droughts in this area have seriously influenced local water resource utilization, and socio-economic development. The spatiotemporal distribution of droughts and its responses to global climatic events are of critical significance for the assessment and early warning of drought disasters. In this paper, the spatiotemporal patterns of droughts characterized by Rotated Empirical Orthogonal Function/Rotated Principal Components (REOF/RPC) in the Xijiang River Basin, China were evaluated using the Self-calibrated Palmer Drought Severity Index (Sc-PDSI). The drought responses to El Niño/Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), India Ocean Dipole (IOD), and North Atlantic Oscillation (NAO) were analysed by Pearson correlation and multiple stepwise regression. The results showed that one year earlier NAO was the dominant factor impacting the droughts in the Xijiang Basin. Its contribution for the RPC2s of the annual, the first and second half years, winter, summer, autumn, and February were −0.556, −0.419, 0.597, −0.447, 0.542, 0.600, and −0.327, respectively. Besides the two adjacent Pacific and India oceans, the droughts seem be influenced by distant Atlantic climatic events. These results offer new reference insights into the early warning of droughts as well as the planning and management of water resources in the study area.
Introduction
As a long-term cumulative effect of lower precipitation, drought disasters can occur in most climatic divisions. In China, where water resources are lower per capita and sub-optimally distributed in space and time, the spatiotemporal distribution characteristics of drought should be carefully considered in water resource planning and management. In addition, the problem of drought can occur at the regional or global scale. Being influenced by global climatic events containing ENSO (El Niño/Southern Oscillation) [1] [2] [3] [4] [5] , PDO (Pacific Decadal Oscillation) [6] [7] [8] [9] [10] [11] , IOD (Indian Ocean Dipole) [12] [13] [14] [15] , and NAO (North Atlantic Oscillation) [16] [17] [18] [19] [20] , drought can be quite complicated. Hence, the research on its spatiotemporal distribution and its responses to global climatic events are of critical significance for the assessment and early warning of drought disasters, as well as rational utilization of regional water resources.
Currently, research on Chinese drought is mainly concentrated in Northern China [21] [22] [23] [24] [25] , the Northwestern arid region [26] [27] [28] , and the Southwestern region [29] [30] [31] . Moreover, some attention has been paid to drought problems in Southern China [32] [33] [34] [35] , especially in the Xijiang River ENSO refers to two opposite events regarding sea surface temperature (SST) in the central and eastern equatorial Pacific. The warm event is El Niño (positive phase) and the cold event is La Niña (negative phase), respectively. The ENSO index data were provided by National Climate Centre, China Meteorological Administration [44] . The judgment criterion [45] is the sea surface temperature anomalies (SSTAs) index for the NINO Z zone (160°E-90°W,5°N-5°S and 90°W-80°W,0°-10°S) (i.e., NINO 1 + 2 + 3 + 4 zones).
PDO is a decadal climatic variable signal in the central and eastern parts of the North Pacific to the south of Alaska. If the PDO phase is positive, positive SSTAs occur in the Central and Eastern equatorial Pacific and the west coast of North America, while negative SSTAs occur in the central North Pacific. Conversely, it is the PDO negative phase. The PDO index data in this study were provided by University of Washington [46] . Herein, the PDO is defined as the leading EOF of the mean November through March SST anomalies for the Pacific Ocean to the north of the 20°N latitude [47] .
IOD [48, 49] are instances of SST anomalies in the Indian Ocean. In the IOD positive phase, the distribution of abnormal cases are positive SST in the Western and negative SST in the Eastern Indian Ocean. Conversely, it is the IOD negative phase. The IOD index data were provided by National Climate Centre, China Meteorological Administration [50] . Herein, the IOD is defined as SSTAs for the Western (50°E-70°E, 10°S-10°N) and South-eastern (90°E-110°E, 10°S-0°) tropical Indian Ocean.
NAO is a continuous reversed-phase vibration from sea level pressure in the North Atlantic, mainly associated with the Icelandic Low and Azores High. In the NAO positive phase, both Icelandic Low and Azores High are unusually strong, while in the NAO negative phase, both are weaker [51] . Details regarding the NAO index, including definitions and methods, are available at the website of National Climate Centre, China Meteorological Administration [52] . ENSO refers to two opposite events regarding sea surface temperature (SST) in the central and eastern equatorial Pacific. The warm event is El Niño (positive phase) and the cold event is La Niña (negative phase), respectively. The ENSO index data were provided by National Climate Centre, China Meteorological Administration [44] . The judgment criterion [45] is the sea surface temperature anomalies (SSTAs) index for the NINO Z zone (160 • PDO is a decadal climatic variable signal in the central and eastern parts of the North Pacific to the south of Alaska. If the PDO phase is positive, positive SSTAs occur in the Central and Eastern equatorial Pacific and the west coast of North America, while negative SSTAs occur in the central North Pacific. Conversely, it is the PDO negative phase. The PDO index data in this study were provided by University of Washington [46] . Herein, the PDO is defined as the leading EOF of the mean November through March SST anomalies for the Pacific Ocean to the north of the 20 • N latitude [47] .
IOD [48, 49] are instances of SST anomalies in the Indian Ocean. In the IOD positive phase, the distribution of abnormal cases are positive SST in the Western and negative SST in the Eastern Indian Ocean. Conversely, it is the IOD negative phase. The IOD index data were provided by National Climate Centre, China Meteorological Administration [50] . Herein, the IOD is defined as SSTAs for the Western (50 • E-70 • E, 10 • S-10 • N) and South-eastern (90
NAO is a continuous reversed-phase vibration from sea level pressure in the North Atlantic, mainly associated with the Icelandic Low and Azores High. In the NAO positive phase, both Icelandic Low and Azores High are unusually strong, while in the NAO negative phase, both are weaker [51] . Details regarding the NAO index, including definitions and methods, are available at the website of National Climate Centre, China Meteorological Administration [52] . [53] is proposed based on the soil water balance theory. As it comprehensively considers a variety of factors, such as precipitation, evaporation, runoff, soil moisture, etc., it is a competitive index in measuring the zonal dry/wet condition. In addition, the PDSI is normalized and dimensionless, and thus it can be compared at different spatiotemporal scales. However, the normalization process of the original PDSI was based on a limited range of data acquired from the Central United States. To better adapt the index to the study area, Wells et al. [54] proposed the Sc-PDSI, which closely fits the local actual condition. Additional details, including the calculation steps of the PDSI and Sc-PDSI, can be found in the Chinese National Climate Center [55] . The classifications (Table 1) show that Sc-PDSI ≤ −1.0 indicates drought, while Sc-PDSI ≥ 1.0 indicates wetness. The Empirical Orthogonal Function (EOF) was proposed by Pearson [56] , and was then introduced to climate research by Lorenz [57] . Its goal is to decompose a variable field X with spatiotemporal information into spatial eigenvectors (denoted by EOFs in this paper) and associated principal components (PCs) (i.e., time coefficients) (Equation (1)). In addition, the EOF extracts the main information from X on the lower eigenvectors to facilitate analysis and processing. The concentrate ratios are presented by the variance contribution (R) and cumulative contribution (S) of the eigenvectors, respectively. X m×n , R k , and S k are obtained as follows:
where R k is the variance contribution of the kth eigenvector; S k is the cumulative contribution of the top k eigenvectors; and λ k and λ i are the eigenvalues corresponding to the kth and ith eigenvectors, respectively. The top EOFs present the spatial pattern of the variable field X in the whole study area to a large extent. Meanwhile, the corresponding PCs constitute the temporal pattern derived from X in the same area. However, the spatial orthogonality and temporal uncorrelation of EOFs and PCs, respectively, impose limits on the physical interpretability of EOF patterns. This is because physical processes are not independent, and therefore physical modes are expected, in general, to be non-orthogonal [58] . Rotated EOF (REOF) overcomes these limitations, as it performs further rotation on the basis of EOF. This further rotation can make the patterns more obvious. The spatial patterns derived from REOF are loading vectors. The rotation in REOF is categorized into two families: (1) oblique; and (2) orthogonal. Orthogonal rotation is more computationally efficient than oblique rotation, due to matrix inversion in the latter [58] . In this paper, the VARIMAX (Variance with the Maximum loading) criterion in the orthogonal family has been used. Detailed information about EOF and REOF can be found in Wei [59] and Huang [60] .
The high loadings derived from the VARIMAX rotation only exist in a certain region while the other regions are close to zero. As a result, the loading vectors can better present the spatial anomaly characteristics of dry/wet changes [61] . In this paper, REOFs and RPCs (Rotated Principal Components) denote spatial and temporal patterns derived from REOF, respectively.
Response of Droughts to Global Climatic Events
The teleconnections between the four global climatic events shown in Section 2.2 and droughts in the Xijiang River Basin were analysed using the Pearson correlation coefficients between the climate indices and the RPCs. The calculated correlations were tested for statistical validity at the 95% significance level.
Multiple stepwise regressions [62] [63] [64] [65] were used in the research on the contributions of the climatic indices to the droughts in the Xijiang River Basin. The method introduces the indices to the regression equations one by one according to the importance of the independent variables. Some previous variables will be eliminated from the equation if they are no longer important because new variables are introduced. Therefore, the regression equations include only the most important variables. The droughts in the Xijiang River Basin are influenced by various global climatic events. The relationship can be expressed by Equation (4):
where regression coefficients α, β, · · · , γ denote the contributions of the important climatic indices, respectively. The influences derived by the units of independent and dependent variables have been eliminated. Thus, they are converted into standardized coefficients, which can be used to compare relative contributions among the independent variables. The correlations and the multiple stepwise regression were conducted in SPSS software (R23, IBM, Endicott, NY, USA).
Results and Analysis

Time Scales Analysis
Scale is a basic sciencific problem in geoscience which was studied by Robinson [66] and Mccarty et al. [67] in earlier years. The surface of the Earth is a complex giant system. The principles or laws that are obtained at a certain scale may be effective, similar, or need to be revised at other scales, which isgenerally called scale dependency.Taking Duan Station (the red circle in Figure 1 ) as an example, Figure 2 shows the changes of the PDSI at different time scales from December 1960 to November 2015. At all four scales, drought events were recognized in the years 1962, 1964-1968, 1974-1983, 1993-2002, 2008-2010, and 2015 . These episodes are clearly identified at the month scaleto annual ones (1-12 months) . This example shows the shorter time scales, the higher frequency of drought, and the longer duration. In contrast, at the longer time scales, the droughts are shownin coarser resolution, lower frequency, and longer duration.However, the drought patterns are very similar at the different time scales. Considering the time and computing efficiency for resolving the spatiotemporal patterns and its relationships with global climate events, this paper adopted four time scales of annual, semi-annual, seasonal, and representive months (February, May, August, and November) for drought calculationsand characterization. 
The Selection of EOF Modes for REOF
The top EOFs concentrated the information about the dry/wet distributions. The variance and cumulative variance distributions of the top 10 EOFs of the annual(ANN), semi-annual, seasonal and several representative months' PDSI fields in the Xijiang River Basin, including the first half year (D-M: from December to next May), second half year (J-N: from June to November), winter (DJF: from December to next February), spring (MAM: from March to May), summer(JJA: from June to August), Autumn(SON: from September to November),and four typical months in each season (February, May, August, and November)are shown in Figure 3 
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Spatiotemporal Patterns and Drought Evolutions by REOF
Generally speaking, the ANN REOF1(Annual REOF1) (Figure 4a ) mainly shows the negative and positive difference corresponding to the Western and Eastern Basins.That is subject to the differences of the relevant underlying surface, topography, atmospheric circulation, and so on. According to the anti-phase distributions of ANN REOF1 and combined with the curve of ANN RPC1 (Figure 5 ), the annual drought in the Western Basin was dominated by a wet trend (1963-1982 and 1991-1995) and dry trend (1961-1962, 1983-1990, and 1996-2015) . Conversely, the annual drought in the Eastern Basin had different periods dominated by a dry trend (1963-1982 and 1991-1995) and wet trend (1961-1962, 1983-1990, and 1996-2015) .
Meanwhile, the ANN REOF2 (Figure 4b ) represents anti-phase distributions corresponding to the Northern and Southern Basins. Therein, the Northern part is bigger than the Southern one. The annual drought in the Northern Basin had two periods which was dominated by a wet trend (1963-1987 and 1990-1995) and dry trend (1961-1962, 1988-1989, and 1996-2015) .In the Southern Basin, the periods were dominated by a dry trend (1963-1987 and 1990-1995) and wet trend (1961-1962, 1988-1989, and 1996-2015) .
The correlation coefficients ( Figure 6 ) indicate that the spatiotemporal distributions of some semi-annual, seasonal, and representative month's REOFs/RPCs had similar patterns to the corresponding annual REOF/RPC, such as the MAM (March, April, May) REOF1/RPC1, JJA REOF1/PRC1, D-M REOF2/RPC2, DJF REOF2/RPC2, and Feb REOF2/RPC2. The coefficient between JJA and ANN REOF1/RPC1 was as high as 0.98/0.96, while the other three coefficients were both greater than 0.8. In addition, the directions of their drought evolution were consistent. Meanwhile, (Figure 5 ), it can be seen that the drought intensity in the above areas exhibited a strong downtrend trend in the past 55 years.
Generally speaking, the ANN REOF1 (Annual REOF1) (Figure 4a ) mainly shows the negative and positive difference corresponding to the Western and Eastern Basins. That is subject to the differences of the relevant underlying surface, topography, atmospheric circulation, and so on. According to the anti-phase distributions of ANN REOF1 and combined with the curve of ANN RPC1 (Figure 5 ), the annual drought in the Western Basin was dominated by a wet trend (1963-1982 and 1991-1995) and dry trend (1961-1962, 1983-1990, and 1996-2015) . Conversely, the annual drought in the Eastern Basin had different periods dominated by a dry trend (1963-1982 and 1991-1995) and wet trend (1961-1962, 1983-1990, and 1996-2015) .
Meanwhile, the ANN REOF2 (Figure 4b ) represents anti-phase distributions corresponding to the Northern and Southern Basins. Therein, the Northern part is bigger than the Southern one. The annual drought in the Northern Basin had two periods which was dominated by a wet trend (1963-1987 and 1990-1995) and dry trend (1961-1962, 1988-1989, and 1996-2015) . In the Southern Basin, the periods were dominated by a dry trend (1963-1987 and 1990-1995) and wet trend (1961-1962, 1988-1989, and 1996-2015) .
The correlation coefficients ( Figure 6 ) indicate that the spatiotemporal distributions of some semi-annual, seasonal, and representative month's REOFs/RPCs had similar patterns to the corresponding annual REOF/RPC, such as the MAM (March, April, May) REOF1/RPC1, JJA REOF1/PRC1, D-M REOF2/RPC2, DJF REOF2/RPC2, and Feb REOF2/RPC2. The coefficient between JJA and ANN REOF1/RPC1 was as high as 0.98/0.96, while the other three coefficients were both greater than 0.8. In addition, the directions of their drought evolution were consistent. Meanwhile, J-N, JJA, and SON REOF2/PRC2 had strong correlations with ANN REOF2/PRC2. Specifically, the corresponding coefficients were −0.98/−0.93, −0.86/−0.90, and −0.96/−0.89, respectively, which indicated that the three spatiotemporal distributions had patterns that were opposed to the corresponding ANN REOF/RPC. The directions of drought evolution were also opposed.
Water 2017, 9, 265 9 of 18 J-N, JJA, and SON REOF2/PRC2 had strong correlations with ANN REOF2/PRC2. Specifically, the corresponding coefficients were −0.98/−0.93, −0.86/−0.90, and −0.96/−0.89, respectively, which indicated that the three spatiotemporal distributions had patterns that were opposed to the corresponding ANN REOF/RPC. The directions of drought evolution were also opposed. 
Responses of Droughts to Global Climatic Change Events
Teleconnection
Pearson correlation coefficients were used to determine the teleconnection between RPCs and climate indices in this study. Considering that lag times may exist between the Xijiang River Basin droughts and global climatic events, the correlation coefficients between eight climatic indices, including 1-or 0-year ahead and the top five RPCs, were calculated together. Table 2 summarizes the Pearson correlation coefficient between RPCs and climate indices at different scales.
It can be seen from Table 2 that for annual droughts, the droughts in the Xijiang River Basin were influenced significantly by NAO one year earlier, and PDO and NAO in the same year. Herein, RPC2 was negatively correlated with the above three climatic indices. This denotes that the negative mode of the above three climatic indices tend to decrease drought intensity on an annual scale in the Southern Panjiang, Eastern, and Southern Basin (Figure 4b ). 
Responses of Droughts to Global Climatic Change Events
Teleconnection
It can be seen from Table 2 that for annual droughts, the droughts in the Xijiang River Basin were influenced significantly by NAO one year earlier, and PDO and NAO in the same year. Herein, RPC2 was negatively correlated with the above three climatic indices. This denotes that the negative mode of the above three climatic indices tend to decrease drought intensity on an annual scale in the Southern Panjiang, Eastern, and Southern Basin (Figure 4b ).
For first half year, the droughts in the Basin were influenced significantly by three global climatic events which are the same as the annual scale. Because D-M REOF2/RPC2 had strong correlations with ANN REOF2/RPC2, the above three climatic indices tend to decrease drought intensity in the same area (Figure 7a) as the annual scale. For second half year, the droughts were influenced significantly by PDO and NAO one year earlier and in the same year (Table 2) . Herein, RPC2 was positively correlated with PDO in the same year, and NAO one year earlier and in the same year. Combined with Figure 6b ,d, it can be known that the above events influenced the same areas within the first half year, but the trend was opposite (Figure 7b ). In addition, RPC3 was positively correlated with PDO one year earlier and at the same time. This denotes that the positive mode of PDO one year earlier and in the same year tend to decrease drought intensity in second half year in the Northwestern Basin, Yuegui, and Eastern Guibei (Figure 7c) .
For winter, the droughts were influenced significantly by NAO one year earlier and in the same year (Table 2) . Herein, RPC2 was negatively correlated with NAO one year earlier and in the same year. This denotes that the negative modes of NAO one year earlier and in the same year tend to decrease drought intensity in winter in Southern Panjiang, Eastern, and Southern Basins (Figure 8a ). For first half year, the droughts in the Basin were influenced significantly by three global climatic events which are the same as the annual scale. Because D-M REOF2/RPC2 had strong correlations with ANN REOF2/RPC2, the above three climatic indices tend to decrease drought intensity in the same area (Figure 7a) as the annual scale.
For second half year, the droughts were influenced significantly by PDO and NAO one year earlier and in the same year (Table 2) .Herein, RPC2 was positively correlated with PDO in the same year, and NAO one year earlier and in the same year. Combined with Figure 6b ,d, it can be known that the above events influenced the same areas within the first half year, but the trend was opposite (Figure 7b ). In addition, RPC3 was positively correlated with PDO one year earlier and at the same time. This denotes that the positive mode of PDO one year earlier and in the same year tend to decrease drought intensity in second half year in the Northwestern Basin, Yuegui, and Eastern Guibei (Figure 7c ). For spring, the droughts were influenced significantly by IOD in the same year (Table 2) . Herein, RPC5 was positively correlated with IOD in the same year. This denotes that the positive mode of IOD in the same year tends to decrease the drought intensity in spring in the Central and Southeastern Basins (Figure 8b ).
For summer, the droughts were influenced significantly by PDO and NAO one year earlier and in the same year (Table 2) . Herein, RPC2 was positively correlated with NAO one year earlier and in the same year. This denotes that the positive mode of NAO one year earlier and in the same year tend to decrease the drought intensity in summer in Southern Panjiang, Eastern, and Southern Basins (Figure 8c ). In addition, RPC3 was positively correlated with PDO one year earlier and at the same time. This denotes that the positive mode of PDO one year earlier and in the same year tend to decrease the drought intensity in summer in the Northwestern Basin, Yuegui, and Eastern Guibei (Figure 8d) .
For autumn, the droughts were influenced significantly by PDO in the same year, NAO one year earlier and in the same year, and IOD in the same year (Table 2) . Herein, RPC2 was positively correlated with three climatic indices, including PDO_0, NAO_0, and NAO_1. This denotes that the positive modes of PDO in the same year, and NAO one year earlier and in the same year tend to decrease drought intensity in autumn in Southern Panjiang, Eastern, and Southern Basins (Figure 8e ). In addition, RPC4 was only negatively correlated with IOD in the same year. This denotes that the negative mode of IOD in the same year tends to decrease the drought intensity in autumn in Yuegui, Western Guizhong, and Northern Basins (Figure 8f ).
For February, the droughts were influenced significantly by NAO one year earlier and in the same year (Table 2 ). Herein, RPC2 was negatively correlated to NAO one year earlier and in the same year. Figure 6 shows the two NAO events tend to influence the spatiotemporal pattern (Figure 9a ) which is similar to ANN, D-M, or DJF REOF2/RPC2. (Figure 8a) .
For spring, the droughts were influenced significantly by IOD in the same year (Table 2) . Herein, RPC5 was positively correlated with IOD in the same year. This denotes that the positive mode of IOD in the same year tends to decrease the drought intensity in spring in the Central and Southeastern Basins (Figure 8b ).
For summer, the droughts were influenced significantly by PDO and NAO one year earlier and in the same year (Table 2) . Herein, RPC2 was positively correlated with NAO one year earlier and in the same year. This denotes that the positive mode of NAO one year earlier and in the same year tend to decrease the drought intensity in summer in Southern Panjiang, Eastern, and Southern Basins (Figure 8c ). In addition, RPC3 was positively correlated with PDO one year earlier and at the same time. This denotes that the positive mode of PDO one year earlier and in the same year tend to decrease the drought intensity in summer in the Northwestern Basin, Yuegui, and Eastern Guibei (Figure 8d ).
For February, the droughts were influenced significantly by NAO one year earlier and in the same year (Table 2 ). Herein, RPC2 was negatively correlated to NAO one year earlier and in the same year. Figure 6 shows the two NAO events tend to influence the spatiotemporal pattern (Figure 9a For May, the droughts were influenced significantly by NAO in the same year (Table 2) . Herein, RPC3 was negatively correlated to NAO in the same year. This denotes that the negative mode of NAO in the same year tends to decrease the drought intensity in May in Western Panjiang and the Central Basin (Figure 9b ).
For August, the droughts were influenced significantly by NAO one year earlier and in the same year (Table 2) . Herein, RPC2 was negatively correlated to NAO in the same year. This denotes that the negative mode of NAO in the same year tends to decrease the drought intensity in August in Southern Panjiang and the Central Basin (Figure 9c ). RPC3 was negatively correlated to NAO one year earlier and in the same year. This denotes that the negative mode of NAO one year earlier and in the same year tends to decrease the drought intensity in August in Northern Guibei and Southern Guizhong (Figure 9d ). In addition, RPC4 was positively correlated to NAO one year earlier and in the same year. This denotes that the positive modes of NAO one year earlier and in the same year For May, the droughts were influenced significantly by NAO in the same year (Table 2) . Herein, RPC3 was negatively correlated to NAO in the same year. This denotes that the negative mode of NAO in the same year tends to decrease the drought intensity in May in Western Panjiang and the Central Basin (Figure 9b ).
For August, the droughts were influenced significantly by NAO one year earlier and in the same year (Table 2) . Herein, RPC2 was negatively correlated to NAO in the same year. This denotes that the negative mode of NAO in the same year tends to decrease the drought intensity in August in Southern Panjiang and the Central Basin (Figure 9c ). RPC3 was negatively correlated to NAO one year earlier and in the same year. This denotes that the negative mode of NAO one year earlier and in the same year tends to decrease the drought intensity in August in Northern Guibei and Southern Guizhong (Figure 9d ). In addition, RPC4 was positively correlated to NAO one year earlier and in the same year. This denotes that the positive modes of NAO one year earlier and in the same year tend to decrease the drought intensity in August in the Central and Eastern Basins (Figure 9e ).
For November, the droughts were only influenced significantly by IOD in the same year (Table 2 ). Herein, RPC5 was only negatively correlated to IOD in the same year. This denotes that the negative mode of IOD in the same year tends to decrease drought intensity in November in Guizhong and the Eastern Basin (Figure 9f ).
Contribution
The above eight global climatic indices were selected as independent variables and RPCs as dependent variables. The results of multiple stepwise regression are shown in Table 3 . It can be seen that NAO one year earlier is the dominant mode that drives drought occurrence and evolution with various time scales in the Xijiang River Basin. For example, its contributions are as high as about 0.6 for J-N RPC2 (corresponding spatial pattern in Figure 7b ) and SON RPC2 (corresponding spatial pattern in Figure 8e ). There is also a negative contribution for ANN RPC2 (corresponding spatial pattern in Figure 4b ), but the value is as high as −0.556. Meanwhile, D-M RPC2 (corresponding spatial pattern in Figure 7a ), DJF RPC2 (corresponding spatial pattern in Figure 8a ), JJA RPC2 (corresponding spatial pattern in Figure 8c ), Feb RPC2 (corresponding spatial pattern in Figure 9a ), Aug RPC3 (corresponding spatial pattern in Figure 9d ), and Aug RPC4 (corresponding spatial pattern in Figure 9e ) were influenced by NAO one year earlier, and the contribution was −0.419, −0.447, 0.542, −0.327, −0.43, and 0.385, respectively. It should be pointed out that the results of the seasonal scale and the representative month's scale for the four seasons are different for spring, summer, and autumn, which implies that the analysis in these seasons show the influences from the time scale. However, the result of winter is identical for the two analysis methods, which implies that the analysis of winter shows little influence from the time scales. Table 3 . Results of multiple stepwise regressions between RPCs and climate indices, where the index with a suffix of "_1" or "_0" denotes the index with 1-or 0-year ahead, respectively. The RPCs that were not significant are not shown below. The other two events, IOD and PDO in the same year, could influence some regions in the Basin. The IOD in the same year had contributions to MAM PRC5 (corresponding spatial pattern in Figure 8b ), SON RPC4 (corresponding spatial pattern in Figure 8f ), and Nov RPC5 (corresponding spatial pattern in Figure 9f) , and the values were 0.312, −0.289, and −0.336, respectively. In addition, the PDO in the same year influenced J-N RPC3 (corresponding spatial pattern in Figure 7c ) with a contribution of 0.356 and JJA RPC3 (corresponding spatial pattern in Figure 8d ) with a contribution of 0.388.
Time Scales RPCs Entered Variables Standardized Coefficients
ANN RPC2 NAO_1 −0.556 D-M RPC2 NAO_1 −0.419 J-N RPC2 NAO_1 0.597 J-N RPC3 PDO_0
Discussion and Conclusions
The main purpose of this paper is to elucidate drought spatiotemporal distributions in the Xijiang River Basin and their responses to global climatic events. Based on the methods of EOF and REOF, the Sc-PDSI variable fields at the annual, semi-annual, seasonal, and representative months' scales were decomposed into spatial and the associated temporal patterns. On this basis, the teleconnections between four global climatic events ENSO, PDO, IOD, and NAO and the droughts were analysed. Meanwhile, the contributions of ENSO, PDO, IOD, and NAO were calculated, respectively, in order to discern the dominant climatic driving factors. According to the results and analysis in Section 3, it was found that:
The cumulative variance distributions of the top 10 EOFs of the annual, semi-annual, seasonal, and representative months' Sc-PDSI variable field in the Xijiang River Basin from December 1960 to November 2015 were all greater than 80%. This indicates that they could be used for REOF's VARIMAX rotation and could derive more accurate dry/wet conditions. 2.
At an annual scale, the drought intensity in the Eastern, Western, and Southern Basins exhibited a slight uptrend trend in the past 55 years. Guibei, Yuegui, Southern Guizhong, and Panjiang showed a strong downtrend trend in the past 55 years, which were significantly influenced by the three climatic events, NAO one year earlier, and PDO and NAO in the same year. Herein, the contribution of NAO one year earlier was −0.556.
3.
The evolution of drought intensity of the first and second half year is similar to that of the annual scale. They were both significantly influenced by NAO one year earlier, but the contributions were−0.419 and 0.597, respectively. Moreover, the droughts in the Northwestern Basin, Yuegui, and Eastern Guibei in the second half year were significantly influenced by PDO in the same year, and its contribution was 0.356.
4.
The winter drought intensity in Southern Panjiang, and the Eastern and Southern Basins exhibited a downtrend trend in the past 55 years, which were significantly influenced by NAO one year earlier, and the contribution was −0.447.
5.
The spring drought intensity in the Central and Southeastern Basins were significantly influenced by IOD in the same year, and the contribution was 0.312. 6.
The summer drought intensity in the Western and Eastern Basins exhibited a slight uptrend trend in the past 55 years. Southern Panjiang, and the Eastern and Southern Basins showed an uptrend trend in the past 55 years, which were significantly influenced by NAO one year earlier, and the contribution was 0.542. The Northwestern Basin, Yuegui, and Eastern Guibei were significantly influenced by PDO in the same year, and the contribution was 0.388. 7.
The autumn drought intensity in Southern Panjiang, and the Eastern and Southern Basins showed a downtrend trend in the past 55 years, which were significantly influenced by NAO one year earlier, and the contribution was 0.6. The drought in Yuegui, Western Guizhong, and the Northern Basin was significantly influenced by IOD in the same year, and the contribution was −0.289. The correlations and multiple stepwise regressions between RPCs and the climatic indices shown here were not simple teleconnections between droughts in the Xijiang River Basin and global climatic events. Generally, NAO one year earlier was the dominant factor. Others, such as IOD and PDO, at the same time influenced some droughts in some regions. 10. Generally, station numbers were not sufficient for the study area. However, this problem could not be solved in recent times. In future studies, various methods of data interpolation, such as spatial interpolation, temporal interpolation, and similarity interpolation should be used for constructing the integrity and correctness of the meteorological data. 11. The occurrence of droughts is somewhat unique, due to the rich source of water vapor from the oceans near the Basin. In addition, the distribution of droughts in the study area exhibited obvious spatiotemporal differences. In future research, it will also be essential to investigate the influence of local weather, climate, and landforms, such as Karst or hills, on drought occurrence and evolution from a smaller regional scale. 12. The relationship between droughts in the Xijiang River Basin and global climatic events is very complex. Due to the close distance between the Basin and the Pacific and the Indian Ocean, the droughts are easily influenced by the climatic events of the two oceans. However, the results in this paper have demonstrated that the influences of distant Atlantic climatic events must be considered. However, since the precise physical mechanisms are not yet thoroughly elucidated, this can constitute a major topic of future work.
